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1. Introduction
In the last decade, the land devoted to growing corn and soybeans 
in the northern Great Plains states (including Iowa, Nebraska, 
Minnesota, South Dakota, and North Dakota) of the United 
States has greatly expanded (Table 1). An important driver of this 
expansion is the increasing demand for biofuels (Wallander et 
al., 2011; Carriquiry, 2007; Secchi and Babcock, 2007). Demands 
for corn, used to produce bioethanol, and soybeans, used to pro-
duce biodiesel, are expected to be strong in the foreseeable future 
(Woodard, 2009). The expansion of corn and soybeans cultivation 
can cause a spectrum of negative environmental and ecological 
consequences (Kennedy, 2007; de Oliveira et al., 2005). For exam-
ple, increases in corn and soybeans croplands may lead to pres-
sures to remove land from the Conservation Reserve Program 
(CRP), drain wetlands, and open lands that are currently not cul-
tivated, and hence cause loss of critical wildlife habitat (Brooke et 
al., 2009).
In addition, the expansion of corn and soybeans croplands can 
affect the quality of both surface and groundwater because biofuel 
crop cultivation generally requires much higher inputs of fertil-
izer and other farm chemicals that can be flushed into water bod-
ies or leach into groundwater (Thomas et al., 2009). The deterio-
ration of water quality accompanying such land-use conversion is 
a major threat to both human health and ecosystems.
Therefore, better understanding of the spatio-temporal dy-
namics of biofuel croplands, its drivers and consequences is crit-
ical to the development of effective environmental management 
strategies. An important component of such work is to develop 
viable models to simulate biofuels-related land-use and land-
cover changes (LULCC).
A number of geospatial models have been developed to simu-
late patterns and processes of LULCC (Pontius et al., 2008). Mod-
els such as SLEUTH (Clarke et al., 1997), the land transformation 
model (LTM) (Pijanowski et al., 2002, 2005), and CLUE/CLUE-
S (Verburg et al., 1999, 2002) have been widely applied to fore-
cast loss of agricultural land (Fan et al., 2007) and urban growth 
(Pijanowski et al., 2002; Clarke et al., 1997), but have rarely been 
used for forecasting the spatio-temporal changes in specific culti-
vated croplands. Even though some efforts were made to model 
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Abstract
With the increasing biofuel demands in recent years, the cultivated lands for biofuel crops, i.e., corn and soybeans, the major 
sources of ethanol and biodiesel, have been greatly expanding in the northern Great Plains states of the United States. Simulat-
ing the spatio-temporal dynamics of biofuel croplands can provide critical information required for assessing the impacts of land-
use change on wildlife conservation and water quality. But, yearly agricultural practices such as crop rotations often complicate the 
spatially explicit modeling of specific crops’ expansion. Our research focused on developing a geospatial modeling framework that 
is able to distinguish long-term, regional changes in croplands from short-term, local fluctuations (such as rotations), using geo-
graphic information systems (GIS) and the land transformation model (LTM). The USDA Cropland Data Layers (CDLs) of North 
Dakota for 1999, 2000, 2004, 2005, 2010, and 2011 were spatially and temporally aggregated to generate a series of biofuel cropland 
maps. The historical cropland data for 1999/2000 and 2004/2005, together with a collection of environmental factors (i.e., topogra-
phy, soil fertility, and climate), were used to calibrate the neural network embedded in the LTM. Validation analysis was then con-
ducted by simulating the biofuel cropland change during the period of 2004/2005–2010/2011 using the calibrated LTM and com-
paring the simulation result with the observed change for the same time period, resulting in 6.3% allocation disagreement (0% 
quantity disagreement) and 27.4% figure of merit. Future forecast for 2020 showed that biofuel croplands would be expanding 
northwestward from southeastern North Dakota.
Keywords: Land-Use and Land-Cover Change (LULCC), Land Transformation Model (LTM), Corn, Soybeans, Biofuels, Biofuel 
crops, North Dakota
17
18 Li,  Guan, & Merchant in Agriculture, Ecosystems & Environment  161 (2012) 
changes in specific crops, they have often been founded based on 
data compiled for highly aggregated spatial units such as counties, 
statistical districts or countries. For example, de la Torre Ugarte 
and Ray (2000) used the Policy Analysis System (POLYSYS), a 
complex economic demand-supply model, to estimate the na-
tional distribution of U.S. bioenergy crops at the Agricultural Sta-
tistics District (ASD) level. Smeets et al. (2006) used the Quick-
scan model to forecast bioenergy crop production in 2050 at the 
country level with a global coverage. Modeling based on such 
coarse, aggregated units often masks local variations and there-
fore has low utility for managing the environmental and ecologi-
cal consequences of LULCC (Verburg et al., 1999).
In recent years, a few attempts have been made to model 
biofuels-related cropland change using location-specific ap-
proaches. Tuck et al. (2006) mapped the potential distribution 
of bioenergy crops in Europe based on a set of simple rules de-
fining suitable climate conditions and elevation. Hallmann 
and Verburg (2011) used a spatially explicit model to forecast 
changes in biofuel croplands in Europe. Evans et al. (2010) as-
sessed the landscape suitability for growing biofuel feedstocks 
in the United States based on two species distribution models: 
suitability maximum entropy (Maxent) and support vector ma-
chines (SVM). These studies have provided constructive insights 
into the spatially explicit modeling of biofuel croplands. Nev-
ertheless, two important issues remain to be resolved: (1) long-
term, regional trends, which are usually the focus of modeling, 
are often mixed with short-term, local fluctuations arising from 
management practices such as crop rotation; (2) the validation 
of modeling results should also be conducted in a spatially ex-
plicit manner, i.e., statistically comparing the modeled distri-
bution of change in cropland with the historical maps of actual 
change, in order to examine the accuracy of the model before it 
is used to generate future forecasts.
Therefore, the principal objective of this research was to de-
velop a spatially explicit modeling framework that is capable of 
operating at multiple spatial and temporal scales in order to dis-
tinguish long-term, regional trends from short-term, local fluctu-
ations. The model was used to simulate the recent history of corn 
and soybeans cropland expansion in North Dakota, and the re-
sult was assessed by comparing it with actual historical data. Fu-
ture scenarios of cropland change were also generated. Since is-
sues such as competing use of corn and soybeans for fuels and 
food/livestock crops are not the focus of this research, we did not 
distinguish the croplands according to their usage in the model-
ing work. Thus, the modeled corn and soybeans can be used for 
both fuels and food purposes.
2. Spatial and temporal scales in LULCC modeling
Before introducing the methods used in our modeling frame-
work, it is important to discuss the effects of spatial and tempo-
ral scales in LULCC modeling because that is the focus of this re-
search. Scale is an inherent attribute of geographic phenomena 
(Verburg et al., 1999; Cao and Lam, 1997). In studies of LULCC, 
both spatial and temporal scales must be considered. Moreover, 
one must account for both extent (i.e., the entire study area or 
modeling time period) and resolution (i.e., the smallest mapping 
unit or time interval represented in the dataset). Figure 1 illus-
trates a study area with different spatial resolutions and extents. 
As the spatial resolution increases1 (from 4 × 4 units to 1 × 1 units 
in Figure 1), one can portray features with greater detail; as the 
spatial extent increases2 (ninefold in Figure 1), the study area be-
comes larger. In LULCC studies, spatial extent and resolution are 
often related. For example, at smaller spatial extents it is common 
to encode data at finer (i.e., higher) spatial resolution so that de-
tails can be discerned. At larger extents, the spatial resolution may 
be coarsened (i.e., lowered) to reveal more general LULC patterns. 
Similarly, the extent and resolution of temporal scale are also im-
portant in the analysis of changes. From a temporal perspective, 
the extent is the length of the entire time period analyzed, while 
the resolution is expressed as the smallest time interval utilized 
in analysis (e.g., day, month, season, or year). In general, LULCC 
observations made over short-time intervals (i.e., fine tempo-
ral resolution) are required for intra-annual analysis and model-
ing, while data with coarser temporal resolution (e.g., annual or 
longer) are often acceptable for long-term (e.g., inter-annual and 
decadal) studies.
Croplands are complex and dynamic systems that can be rep-
resented at different spatial and temporal scales. Changes in scale 
can largely affect the observation of LULCC and related spatial 
patterns (Goodchild and Dale, 1997; Turner, 1990), and hence af-
fect the modeling of LULCC. Figure 2 shows how observations of 
croplands vary as spatial and temporal extents change. Studies of 
crop physiological changes usually are conducted with data with 
limited spatial and temporal extents (e.g., within several square 
meters and over a few seasons) and fine resolutions (e.g., individ-
ual crop and daily observation). Moderate spatial and temporal 
scales are better suited for studies of planting rotational patterns. 
Coarse resolutions are usually best for research focused on long-
term agricultural LULCC, and crop rotations should be masked at 
these scales.
LULCC models are therefore inherently scale-dependent 
(Bian, 1997). To model regional agricultural LULCC, it is nec-
essary to minimize the effects of crop rotations and other short-
term, local LULCC driven by fluctuating crop markets and agri-
cultural policies. Such short-term, local changes can introduce 
substantial year-to-year “noise”, making it difficult to analyze and 
model long-term LULCC patterns at a regional level. Our model-
ing framework includes a spatial and temporal aggregation pro-
cess of the LULC data in order to smooth the noise caused by 
those short-term, local fluctuations in croplands.
Table 1. Expansion of corn and soybeans land between 1988 and 2008 in five states (unit: thousand hectares).
State                             Crop/year
 Corn/1988 Corn/2008 Soybeans/1998 Soybeans/2008
Iowa 4573.1 5382.5 3298.3 3945.8
Minnesota 2306.8 3116.2 1983 2853.1
Nebraska 2792.4 3561.4 971.3 1983
North Dakota 323.8 1032 303.5 1537.9
South Dakota 1274.8 1922.3 712.3 1659.3
Data Source:  http://www.nass.usda.gov/Data_and_Statistics/ 
1. Increasing spatial resolution means using smaller mapping units.
2. Increasing spatial extent means expanding the coverage of the map.
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3. Methodology
In this research, a grid-based geospatial modeling approach was 
developed to simulate and forecast the land-use changes of two 
important biofuel crops: corn and soybeans. In the northern Great 
Plains, corn and soybeans are commonly grown in rotation. Since 
the pattern of corn–soybeans rotation at a specific location is ex-
tremely difficult to predict, our model treats these two crops as a 
single land-use class, i.e., “biofuel crop”.3 Our approach was de-
signed to capture general patterns and trends, and generate loca-
tion-specific results, while reducing the effects of short-term, lo-
cal fluctuations (e.g., crop rotations) associated with croplands. 
The model was then evaluated by employing it to simulate the re-
cent history of corn and soybeans expansion in North Dakota.
The modeling framework includes two key modules: the 
quantity module and the spatial allocation module (Figure 3). 
The quantity module is used to determine and forecast the to-
tal amount of changes in corn/soybeans croplands (i.e., the num-
ber of land cells of other land-use types to be transformed into 
corn/soybeans cropland) during a particular time period. The 
spatial allocation module is then used to spatially distribute these 
changes (i.e., to determine which specific cells in the grid to 
transform). This approach was based on a common assumption 
in LULCC modeling that spatially explicit geographic processes 
can be constrained by less spatially precise economic or policy-
making processes (Lambin et al., 2000; Verburg et al., 1999).
Forecasting the future changes in croplands is complicated 
by several issues: (1) corn and soybeans serve multiple functions 
(e.g., as biofuels, food, and other commodities) and compete with 
other crops; (2) biofuel demands can be affected by factors both 
inside and outside the region; and (3) crop yields will vary in re-
sponse to both marketing conditions, and weather and climate 
events. The quantity module, as implemented in this study, proj-
ects future corn/soybeans demands using statistical extrapola-
tion of historical trends in crop area. This approach, while sim-
ple, is computationally straightforward and is believed to capture 
important components of the factors outlined above without the 
need to independently model each.
Figure 1. Changes in two components of spatial scale: resolution (left) and extent (right).
Figure 2.  Agricultural land use change processes affected by spatial and 
temporal scales.
3. There are other biofuel crops, such as canola, sugar beets and sunflowers. 
In this research, we focused on only two main biofuel crops in the northern 
Great Plains of U.S. – corn and soybeans. Figure 3. Framework for modeling cropland change.
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The spatial allocation module is based on an existing LULCC 
model, the land transformation model (LTM). The LTM is a grid-
based spatially explicit, well-tested and freely available model that 
integrates environmental and socio-economic drivers with histor-
ical land-use datasets to simulate LULCC (Pijanowski et al., 2002). 
The core of the LTM is an Artificial Neural Network (ANN), which 
uses a machine learning approach for modeling complex systems 
and dynamics (Haupt et al., 2009). The ANN consists of an input 
layer comprised a set of nodes representing driving factors, an out-
put layer consisting of only one node that represents the suitabil-
ity for a certain land-use type (e.g., urban land in an urban growth 
study, or biofuel cropland in this study), and one or more hidden 
layers in between (Figure 4). The nodes within adjacent layers are 
connected through active transfer functions (ATFs).
Most previous applications of the LTM have focused on sim-
ulating urban growth (Pijanowski et al., 2002, 2005; Tang et al., 
2005), but the flexibility of the ANN embedded in the LTM allows 
for the simulation of other types of LULCC. Technically, any factor 
can be used as an input to an ANN, and the output can be any vari-
able that is of interest in a study. The selection of input factors and 
output variable(s) largely depends on the purpose of the simulation 
and the mechanism of the phenomenon. Moreover, an ANN is ca-
pable of handling complex non-linear relationships between the 
input factors and the output variable(s), and of acquiring knowl-
edge from incomplete, redundant, and noisy datasets without pre-
defined rules, both of which are characteristics common in models 
of LULCC (Gosav and Praisler, 2008; Kajita et al., 2005; Mas et al., 
2004; Pijanowski et al., 2002; Hilbert and Ostendorf, 2001).
Through a learning (also termed training or calibration) pro-
cess using historical datasets, the LTM ANN adjusts the weights 
of ATFs to establish functional relationships between the driv-
ing factors and land-use conversion. In other words, the ANN 
“learns” by acquiring knowledge based on the past history of 
land-use change. Once trained, the ANN can be used to simulate 
land-use change either retroactively, by attempting to replicate 
past observed changes, or to forecast future changes.
In this research, the LTM is employed to model corn/soybeans 
cropland changes. The probability of transforming a cell from other 
land-use types to corn/soybeans cropland is set to be the output of 
the ANN and a flexible set of factors (e.g., slope and soil organic 
matter) that may affect cropland expansion are selected as the in-
puts. The model essentially generates a suitability map for biofuel 
cropland, and then selects the cells exhibiting the highest suitabil-
ity to convert. Also, the LTM allows users to specify the number of 
cells to convert during the modeling period. By setting the numbers 
of cells converting to corn/soybeans cropland in the calibration and 
history simulation (i.e., validation) processes as the numbers of ob-
served changed cells derived from the historical data, we eliminated 
the quantity disagreement between the simulated and observed (or 
historical) LULCC, which is one of the two map comparison met-
rics (the other one is allocation disagreement) suggested by Pontius 
et al. (2008). In the forecasting process, the number of cells to con-
vert is set according to the future projection of corn/soybeans de-
mand generated by the quantity module.
Pijanowski et al. (2002) described six steps of applying the 
LTM: (1) mapping historical land use; (2) identifying driving 
factors; (3) preprocessing the raster layers for both land use and 
driving factors; (4) testing the model with all inputs; (5) calibrat-
ing and validating the model; and (6) identifying transitional cells 
to create possible scenarios of future land use. In this study, the 
modeling performance was evaluated by examining the disagree-
ment between the simulated and observed LULCC, quantified us-
ing two statistics, namely allocation disagreement (quantity dis-
agreement was eliminated as explained above) and figure of merit 
(for details, see Pontius and Millones, 2011; Pontius et al., 2008). 
The Percent Correct Metric (PCM) and Kappa, statistical metrics 
commonly used in evaluating LULCC modeling quality and also 
provided by the LTM, were excluded from the modeling perfor-
mance assessment since recent research found them redundant, 
misleading and flawed for map comparison and accuracy assess-
ment (Pontius and Millones, 2011).
As mentioned in Section 2, our modeling framework focuses 
on the long-term, regional trends of biofuels-related LULCC. To 
minimize the effect of short-term, local fluctuations such as crop 
rotations, the following procedure was employed to prepare data 
for the LTM (Figure 5).
(1) Reclassify the original fine-resolution (e.g., 30  m  ×  30  m) 
land-use data into a binary representation, i.e., the target 
cropland (e.g., corn and soybeans) as value 1, and other land-
use types as value 0.
(2) Aggregate the binary data into coarse-resolution (e.g., 
1500 m × 1500 m) cells and assign each cell a value represent-
ing the areal percentage of the target cropland.
(3) Average the areal percentages of target cropland from multiple 
land-use data for consecutive years, to generate new land-use 
data with a multi-year temporal resolution (Figure 5 shows 
2-year temporal averaging).
(4) Finally, reclassify the averaged data into a binary representa-
tion, i.e., an averaged percentage greater than or equal to a 
pre-set threshold reclassified to value 1, otherwise 0.
The selection of spatial and temporal resolution is critically 
important as the ideal resolution varies according to the appli-
cation (e.g., target cropland, data availability, and spatio-tempo-
ral ranges of crop rotations and market fluctuations). In the case 
study of corn and soybeans croplands in North Dakota, the spa-
tial resolution was set to approximate the size of a U.S. Public 
Land Survey section (1500  m  ×  1500  m), which minimized the 
LULCC variability while maintaining a credible level of spatial ex-
plicitness. The temporal resolution was set to 2 years in order to 
reduce the impacts of short-term (i.e., inter-annual) fluctuations 
in LULCC stemming from annual crop rotations as well as cli-
matic anomalies and volatile crop market conditions.
Also, the threshold value used to reclassify areal percentage 
maps to binary maps has to be set with caution. Once reclassified, 
a cell is considered as a uniform land use, and the variation within 
the cell is lost. Applying a lower threshold produces more bio-
fuel cropland cells and hence provides a larger land-use change 
contrast for the model, which may lead to a better goodness-of-
fit for the simulation. On the other hand, a lower threshold ex-
aggerates the quantity of biofuel croplands (e.g., a cell with just 
a tiny fraction for corn/soybean cultivation will be classified into 
Figure 4. A simple 3-layer artificial neural network.
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biofuel cropland), which makes the simulation less realistic. An 
optimal threshold should provide a good modeling fit while rep-
resenting a reasonable fraction of the target land-use class (e.g., 
biofuel crops) within each cell. A similar approach has been ad-
opted for land-use representation by the CLUE-S model, result-
ing in one dominant (>50%) land type occupying pixels of land-
use map (Verburg et al., 2002). In this study, a threshold of 40% 
was chosen for the study of North Dakota in consideration of the 
trade-off between the goodness of modeling fit and the represen-
tative fraction of biofuel crops within each cell. More discussion 
on this issue will be given in Section 6.
4. Application of the model in North Dakota
4.1. Study area
North Dakota was selected as the study area because it is repre-
sentative of the northern Great Plains states, a region that has 
been experiencing substantial changes in land use thought to 
be driven in part by increasing demand for biofuels (Table 1). 
North Dakota has a continental climate typified by cold win-
ters and hot summers; however, during the past century aver-
age temperatures in North Dakota have increased by up to 3 °C 
(U.S. Global Change Research Program, 2000), among the high-
est in the northern Great Plains. The state is the leading producer 
of wheat, barley, sunflowers and dry edible beans in the U.S. How-
ever, since the late 1990s, cropland change in North Dakota has 
been characterized by the rapid expansion of corn and soybeans 
croplands (Schnitkey, 2010). Corn and soybeans have generally 
either displaced other crops (such as wheat and sunflowers) or 
been planted on lands formerly in the Conservation Reserve Pro-
gram (CRP). In 1997, the top three agricultural commodities were 
wheat, cattle and sunflower, accounting for 39.3%, 12% and 8.3% 
of the state total farm receipts, respectively. By 2008, however, the 
three most important farm commodities changed to wheat, soy-
beans and corn at 33%, 14.4% and 14.3%, respectively (Economic 
Research Service, 2009).
4.2. Data preprocessing
A time series (1999–2011) of land-use data for North Dakota were 
obtained from the U.S. Department of Agriculture (USDA) Na-
tional Agricultural Statistics Service (NASS) Cropland Data Lay-
ers (CDLs) — http://www.nass.usda.gov/research/Cropland/
SARS1a.htm. Most of 1999–2011 CDLs are available at 30 m res-
olution, and 2006–2009 CDLs are available at 56 m resolution. As 
noted above, corn and soybeans were combined into a single land-
use type in this study. Following the procedure shown in Figure 
5, the CDLs for the years 1999, 2000, 2004, 2005, 2010 and 2011 
were first reclassified into binary data (corn/soybeans as 1, and oth-
Figure 5. Spatio-temporal aggregations
Figure 6. Procedure to prepare land-use maps for modeling.
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ers as 0); then the binary data (at 30 m spatial resolution) were ag-
gregated in ArcGIS (a commonly used GIS software package) to 
generate 1500-m resolution grids of corn/soybeans areal percent-
ages (Figure 6). The percentages were then averaged between 1999 
and 2000, 2004 and 2005, 2010 and 2011 to produce three maps 
for 1999/2000, 2004/2005 and 2010/2011. Cells in each 2-year map 
were subsequently reclassified using the following rules: all cells 
that contained at least 40% corn and soybeans were reclassified to 
corn/soybeans cells (value  =  1), while other cells were given the 
value zero. This procedure resulted in the biofuel cropland map for 
1999/2000, 2004/2005 and 2010/2011 (Figure 7).
Six environmental variables were chosen as the driving fac-
tors for modeling the biofuel cropland changes in North Dakota 
(Table 2): terrain elevation, terrain slope, soil organic matter, cat-
ion exchange capacity (CEC) of the soil, 30-year mean precipita-
tion (1971–2000), and 30-year mean temperature (1971–2000). 
All are important to establishing the suitability of land for grow-
ing crops (Bowen and Hollinger, 2002; Kravchenko and Bullock, 
2000). Elevation and slope data were derived from the USGS Na-
tional Elevation Dataset, and resampled into 1500-m resolu-
tion grids. Soil organic matter and CEC were extracted from the 
USDA STATSGO database using the Soil Data Viewer — http://
soils.usda.gov/sdv/. The shapefiles (a GIS data format used in Ar-
cGIS) of soil organic matter and CEC were then converted into 
1500-m resolution grids. The mean precipitation and mean tem-
perature were extracted from Parameter-elevation Regressions 
on the Independent Slopes Model (PRISM) climate mapping sys-
tem — http://www.prism.oregonstate.edu/ —  and converted into 
1500-m resolution grids. Exclusionary zones (including pub-
lic lands, wetlands, urban areas and water bodies) were extracted 
from the Land Ownership for the Western United States — http://
sagemap.wr.usgs.gov/ — and 2000 CDL.
It was assumed that corn/soybeans could compete with other 
types of land use at any location except in the “exclusionary 
zones”. An exclusionary zone is an area that is not likely to change 
to agricultural use (e.g., urban, wildlife protection areas, and wa-
ter bodies). It was also assumed that the urban area would stay 
static during the modeling time period since the urban area in 
North Dakota has not expanded notably during the past few de-
cades (data source: http://factfinder2.census.gov/ ).
4.3. Model calibration and validation
The LTM was calibrated by training the ANN using the aggre-
gated biofuel cropland maps for 1999/2000 and 2004/2005. The 
calibration generated multiple candidate ANNs with differ-
ent ATF weights, as wells as a set of simulated biofuel cropland 
change maps (during 1999/2000–2004/2005) created using these 
ANNs. The selection of an ANN for later simulation and fore-
cast was based on the allocation disagreement and figure of merit 
that measure the goodness of fit between the observed and sim-
ulated changes. The ANN with the smallest allocation disagree-
ment and largest figure of merit values was then selected as the 
calibrated model. The simulated biofuel cropland change map for 
1999/2000–2004/2005 generated by the calibrated model is shown 
Table 2. Factors used to predict cropland change.
Factor Relationship to cropland change Data source
Elevation and slope Topography influences water availability, and physical and  USGS National Elevation Dataset 
 chemical properties of soil (Kravchenko and Bullock, 2000)  
 which can affect crop yields 
Soil organic matter and CEC Organic matter can release plant nutrients, including nitrogen  USDA NRCS STATSGO Database 
 and phosphorus as it is broken down in the soil. CEC can affect  
 the soil’s capacity to hold nutrients releasable for plant growth  
 (Griffin, 2004) 
Mean precipitation and mean  Precipitation is generally related to the spatial distribution of soil  PRISM Climate Group  
   temperature moisture, which is important for agricultural cultivation. Annual  http://www.prism.oregonstate.edu  
 mean temperature can affect crops’ temperature requirements  
 for growth 
Figure 7. Biofuel cropland (corn/soybeans) maps for 1999/2000, 2004/2005 
and 2010/2011 (data were derived based on CDLs for North Dakota).
Figure 8.  Correctness and error map for the calibration based on the 
1999/2000 cropland reference map, the 2004/2005 cropland reference map, 
and the 2004/2005 simulated cropland change map.
Table 3. Two-by-two contingency table showing the proportion of grid cells in 
a map of reality versus a map of calibration scenario (1999/2000–2004/2005).
Model       Reality
       Change             Persistence                       Total
Change 5.03% 2.78% 7.81%
Persistence 2.78% 89.41% 92.19%
Total 7.81% 92.19% 100.00%
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in Figure 8, along with the reference maps (i.e., aggregated his-
torical data) for 1999/2000 and 2004/2005 (a three-map compari-
son). Derived from Figure 8, Table 3 show the percent areas of ob-
served change simulated correctly, observed persistence simulated 
correctly, observed change simulated as persistence, and observed 
persistence simulated as persistence, illustrating the allocation 
disagreement between the simulated and actual cropland changes 
during the calibration period. As mentioned before, the quantity 
disagreement was eliminated because the number of cells to con-
vert in the calibration process was set to be the same as that of the 
historical data. The resultant allocation disagreement was 5.56% 
and figure of merit was 47.5%. Table 3 also shows that 5.03% of all 
pixels were correctly simulated to change during the calibration 
period, 2.78% were observed persistence but simulated as change, 
and 2.78% were observed change but simulated as persistence, in-
dicating there is more error (2.78%  +  2.78%  =  5.56%) than the 
correctly simulated change (5.03%) at the pixel level, which is not 
unusual for LULCC modeling (Pontius et al., 2008).
To validate the model and its calibration, the cropland change 
between 2004/2005 and 2010/2011 was predicted using the cal-
ibrated model (Figure 9). Table 4 shows the allocation disagree-
ment between the predicted and actual cropland changes dur-
ing 2004/2005–2010/2011. Again, the quantity disagreement was 
none as the number of cells to convert in the validation process 
was set to be the same as the observed changes. The allocation 
disagreement was 6.3% and figure of merit 27.4%. Again, there is 
more error than the correctly simulated change at the pixel level.
To establish a fair baseline regarding the modeling perfor-
mance (Pontius and Millones, 2011), a multi-factor index model 
was implemented as a naïve model, which linearly combines the 
same six driving factors (each factor was normalized to a 0–1 
scale) as the suitability and chooses the highest suitable cells to 
convert until the number of simulated changed cells reaches the 
number of observed changed cells. The cropland changes for the 
validation period (i.e., 2004/2005–2010/2011) were predicted us-
ing the naïve model, and were then compared with the historical 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
maps. The resulting allocation disagreement and figure of merit 
were 9.12% and 19.51%, respectively, indicating its performance 
inferior to the LTM-based model. This is because the LTM’s ANN 
performed better than the naïve model’s linear combination in 
capturing the nonlinear complex relationships between the driv-
ing factors and cropland change.
The relative operating characteristic (ROC) method was also 
applied to the validation. The ROC is a statistic used to mea-
sure the goodness-of-fit of the validation simulation (Pontius and 
Schneider, 2011; Pontius and Batchu, 2003). It was computed by 
generating multiple cropland change maps using different thresh-
old values of suitability (which eventually lead to different num-
bers of cells to convert) and comparing the simulated maps with 
a Boolean 2010/2011 cropland change map (with 2004/2005 crop-
lands excluded). The resultant ROC curves are shown in Figure 
10. The areas under the curves (AUCs) for the calibrated LTM-
based model and naïve model were quite similar. This similarity 
can be explained by the fact that that both the LTM-based model 
and the naïve model portrayed most of the North Dakota study 
area (i.e., areas not in the southeast part of the state) as having low 
suitability for biofuels crop cultivation.
5. Future scenario projection
After the validation process, the calibrated model was then used 
to forecast the future corn/soybeans croplands for the year 2020. 
First, two scenarios of possible increases in corn/soybeans crop-
lands were generated using simple extrapolation based on the his-
torical agricultural statistics (National Agricultural Statistics Ser-
vice, 2010). Linear and Weibull equation formulas were used to fit 
the historical corn/soybeans acreage, respectively. These formulas 
were assumed to project potential increases of corn and soybeans 
acreage in 2020 for fast and slow expansion scenarios, respectively 
(Figure 11). The fast scenario assumes that corn/soybeans will 
continue to increase rapidly due to high biofuel demands in the 
near future. The slow scenarios assume the rate of increase will 
gradually decrease. This may reflect the growing competition be-
tween biofuels and food industries for corn and soybeans (Hore-
lik, 2008). Although other growth models with higher growth 
rates than the linear model may be potentially useful, a linear 
model still provided a realistic high expansion scenario, especially 
with increasing land competition among crops. The results of fast 
and slow projections were used to calculate the numbers of cells 
to be converted to corn/soybeans croplands during the period be-
tween 2010/2011 and 2020 under these scenarios. The LTM was 
Table 4. Two-by-two contingency table showing the proportion of grid cells in 
a map of reality versus a map of validation scenario (2004/2005–2010/2011).
Model       Reality
       Change            Persistence                      Total
Change 2.38% 3.15% 5.53%
Persistence 3.15% 91.32% 94.47%
Total 5.53% 94.47% 100.00%
Figure 9.  Correctness and error map for the validation based on the 
2004/2005 cropland reference map, the 2010/2011 cropland reference map, 
and the 2010/2011 predicted cropland change map.
Figure 10.  ROC curves to validate potential additional land changes be-
tween 2004/2005 and 2010/2011 for three suitability maps based on (1) the 
LTM model, (2) the naïve model, and (3) random location.
24 Li,  Guan, & Merchant in Agriculture, Ecosystems & Environment  161 (2012) 
then activated to spatially distribute the cells using the 2010/2011 
cropland map as an initialization map and assuming that the cells 
with higher conversion probabilities will convert first.
The projections of future corn/soybeans changes are shown 
in Figure 12. As expected, under both scenarios, most changes 
in corn/soybeans croplands were projected to occur in eastern 
North Dakota, the Lake Agassiz Plain and the Northern Glaciated 
Plains, where the soil is generally fertile, the topography is rela-
tively flat, and the climate is warmer and wetter than in the west-
ern parts of the state.
6. Discussion
6.1. Understanding the modeling results
Two major trends can be identified in the modeling results: (1) 
biofuel cropland changes were more concentrated in southeastern 
North Dakota in the simulation map than in the actual histori-
cal map; and (2) biofuel croplands appear to be expanding north-
westward from southeastern North Dakota. Based on the driv-
ing factors used in this model, southeastern North Dakota is the 
most suitable area for agricultural cultivation because of its fertile 
soils, low and flat topography, and warm and wet climate. As the 
demand for biofuel crops keeps increasing, biofuel croplands ex-
pand from highly suitable areas (i.e., southeastern North Dakota) 
to moderately suitable areas (i.e., central North Dakota). The ex-
pansion of biofuel croplands follows the gradient of suitability for 
biofuel crop cultivation.
6.2. Evaluation of the modeling approach
The LTM was used in this study because it has been proven to 
be capable of dealing with complex relationships and noisy da-
tasets. The LTM was implemented using the procedures similar 
to those that have been used in urban land-use change modeling 
(Pijanowski et al., 2002, 2005; Tang et al., 2005), the major dif-
ference being in the data preprocessing (i.e., spatial and tempo-
ral aggregation) to smooth the variations caused by crop rotations 
and other short-term, local fluctuations, such as farmers’ plant-
ing decisions.
The LTM-based modeling methodology tested in this study is 
more spatially explicit than other approaches based on highly ag-
gregated units such as countries or statistical districts (de la Torre 
Ugarte and Ray, 2000; Smeets et al., 2006). The modeling results 
can be easily used in other models such as, for example, ground-
water pollution risk models, in order to assess the environmental 
impacts of biofuel cropland expansion. Through the spatial and 
temporal aggregations, our modeling framework is capable of dis-
tinguishing long-term regional trends in LULCC from frequent 
local changes (e.g., crop rotations) in cropping practices. Such 
short-term changes have often been overlooked in many other 
studies, since they used either spatially broad units or very large 
cell size (e.g., 10 km × 10 km cells used by Scheffran and BenDor, 
2009). Hallmann and Verburg (2011), for example, acknowledged 
the importance of crop rotation but did not provide a viable solu-
tion to such a problem in their research.
However, this modeling approach was observed to have a 
number of limitations. For example, the ANN embedded in the 
Figure 11. Two scenarios of cropland change.
Figure 12. Modeled corn/soybeans cropland changes in 2020 under low 
and high expansion scenarios.
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LTM is essentially a “black-box” and, therefore, it is difficult to 
identify and quantify the causal relationships between driving 
factors and LULCC. In addition, the LTM does not account for 
the annual LULCC dynamics that may occur during the simula-
tion period. For example, the spatial distribution of land use in a 
specific year may affect the land use in the following year, and the 
driving factors may change every year as well.
Several assumptions were made to simplify the modeling pro-
cess. First, biofuel crops were assumed to expand from areas with 
high agricultural suitability to ones with lower suitability. As 
mentioned earlier, the model essentially generates a suitability 
map for croplands, and then selects the cells exhibiting the high-
est suitability to convert. Thus, non-biofuel crops in areas of high 
suitability may be among first to be replaced by biofuel crops. The 
model goodness-of-fit indicates this assumption is valid. Second, 
the climatic factors used in the model were long-term (1970–
2000) mean values. Climate change may affect the patterns of bio-
fuel crops and other land uses. Changes in temperature and pre-
cipitation in the future may make some areas more or less suitable 
for cultivating biofuel crops, and hence affect the projection of fu-
ture biofuel crops. Finally, the relationships between the driving 
factors and land use change were assumed to be static over time. 
Once the ANN is trained using historical data (i.e., 1999/2000–
2004/2005), the weights of ATFs between nodes do not change 
during the simulation/validation (i.e., 1999/2000–2010/2011) 
and forecasting (i.e., 2010/2011–2020) periods, which means the 
ANN’s functional relationships between the input layer and out-
put layer stay static.
The simulations suggest that biofuels-related LULCC is most 
likely to occur in eastern North Dakota. This is consistent with the 
trends observed in recent decades and described in other studies 
(see, for example, Wallander et al., 2011; Galle et al., 2009). The 
approach used in this study could be adapted to simulate other 
types of LULCC and could be applied in other regions that are 
likely to experience large agricultural LULCC.
7. Future research
The current implementation and tests suggest several avenues for 
future research, including the following:
1. To make the modeling location-specific, a threshold of 40% 
was used to define biofuel cropland cells in North Dakota. As 
a test, the model was recalibrated using different thresholds. 
The figure of merit of the recalibrated model was found im-
proved as the threshold decreased (as shown in Figure 13). 
This is consistent with the discussion in Section 3, which is 
that applying a lower threshold produces more biofuel crop-
land cells and hence provides a larger land-use change con-
trast for the model, but exaggerates the quantity of corn/soy-
beans croplands. A threshold of 40% appears to provide a 
fair fit, although additional research should be undertaken to 
choose the most appropriate threshold.
2. The demand for biofuels was not computed using state-of-the-
art socio-economic models. As mentioned above, the quan-
tity module is flexible enough to link to more sophisticated 
external models. Thus, future work should focus on improv-
ing such forecasts by incorporating cost and risk factors to the 
crop production using aggregated projection models such as 
IMAGE/GTAP (Hallmann and Verburg, 2011) and POLYSYS 
(de la Torre Ugarte and Ray, 2000).
3. The premise underlying the modeling factor selection in the 
case study is that topography, soil and climate conditions gov-
ern the agricultural suitability for corn/soybeans, and corn/ 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
soybeans will most likely expand from areas with higher suit-
ability to those with lower suitability. These factors were se-
lected based on a review of related literature (e.g., Bowen and 
Hollinger, 2002; Kravchenko and Bullock, 2000). At the scale 
of a state, these factors were assumed to drive the long-term, 
regional LULCC for corn/soybeans. However, there are clearly 
other factors contributing to the expansion of biofuel crop-
lands. Future research is needed to identify and utilize such 
factors in the modeling.
4. The current modeling framework is based on one-way relation-
ships between the driving factors and LULCC, and ignores 
the feedback impacts of LULCC on the driving factors, for ex-
ample, converting various types of lands into uniform bio-
fuel croplands may change the local-scale climate. Lacking of 
spatio-temporal interactions between the driving factors and 
LULCC is a common problem in many current LULCC mod-
els. Future research should focus on the development of mod-
eling mechanisms to incorporate such interactions.
5. Competing use of corn and soybeans as bioenergy and food 
crops was not distinguished in this study because our focus 
was the modeling of overall expansion trend. The land occu-
pation of corn and soybeans for sole biofuel production will 
be separated in a future research. Also the interaction among 
specific crops such as corn, wheat and canola will be explicitly 
modeled in an improved modeling framework.
8. Conclusions
In this research, a framework for modeling and forecasting bio-
fuels-related LULCC was developed and evaluated. The combina-
tion of a quantity module and an ANN-based spatial allocation 
module provides a means to simulate the amount and locations 
of biofuel cropland changes. The modeling framework was imple-
mented to simulate the recent history of corn/soybeans cropland 
expansion in North Dakota, and forecast the future scenarios of 
biofuel cropland distribution in year 2020.
When compared with other biofuel cropland models, the ap-
proach proposed in this study was found to have two major ad-
vantages: (1) the approach is location-specific and, thus, pro-
duces output that can be exported directly to other models that 
demand such data (e.g., water quality models), and (2) through 
the spatial and temporal aggregations, the model distinguishes 
long-term, regional trends in LULCC from frequent short-term, 
local changes (e.g., crop rotations) in cropping practices. Never-
theless, several issues remain to be resolved: (1) the modeling er-
rors, when compared to correctly predicted changes, are still too 
large, (2) the ANN’s black-box structure hinders further analy-
Figure 13. Figure of merit versus threshold for defining a biofuel cropland 
cell.
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sis of the factors driving LULCC, and (3) the annual dynamics of 
LULCC are not explicitly modeled. Further research needs to be 
conducted to address these issues.
Models such as that proposed in this study can provide natural 
resources decision makers a means to understand the geographic 
extent of future cropland change in order to better address ac-
companying environmental consequences. As the demand for 
biofuels continues to grow, more land is likely to be converted to 
biofuel crops. This model, if coupled with environmental impact 
models, could assist decision makers in formulating land use pol-
icies and developing environmental management strategies to ad-
dress impacts of biofuel cropland expansion.
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